Abstract: A state-of-the-art methodology is proposed for damage diagnosis of structures, such methodology being presented in the example of a simply supported reinforced concrete ͑RC͒ beam. The severity and location of defects within the RC structures can be assessed much more conveniently by using the back-propagation neural network technique. A simply supported RC beam with specified size ͑i.e., rectangular cross section and 4 m span͒ and assumed defects is theoretically analyzed by a finite-element program to generate training and the testing of numerical examples necessary to assess the damaged RC structure by using the neural network ͑NN͒. Numerical examples are then generated according to the displacement time history of the defected beams loaded by an impact force at the beam center. In addition, 10 sets of test beam with the assumed damage and same specified size of the numerical examples are constructed in full scale. The damage scenario of each test beam is also diagnosed by using the well-trained NN according to the displacement time history, which is the history of the responses caused by the impact loading acting at the beam centers. Based on the study and test results, the damage scenarios of the 10 sets of test beams are successfully classified.
Introduction
Since portland cement was developed in 1824, concrete has conventionally been used in structural engineering. Its widespread use is obviously not due only to its connecting ability with reinforced members to form the reinforced concrete ͑RC͒ member, but also to its advantages as far as construction, economy, rigidity, durability, fireproofing and plastic-forming ability. However, some disadvantages include the formation of honeycombs, cracking, scaling, and corrosion, all induced by improper construction and maintenance throughout the lifetime of a structure. Improperly treating these defects might lead to the loss of human lives and property. Therefore, civil engineers must diagnose these defects and repair immediately.
Some of the major diagnosing techniques, including mathematical analysis models, sampling tests at the site, and the nondestructive testing ͑NDT͒ technique, are related to the defects of the RC structures. Lin and Su ͑1996͒ used the stress wave from impact-echo for determining the depth of surface-opening cracks in concrete structures. In a related work, Halabe et al. ͑1995͒ used an electromagnetic wave to identify the constitutive parameter, crack length, and location of the steel members of an RC bridge deck. Neven et al. ͑1996͒ identified the property parameters of concrete structures by employing the Rayleigh wave dispersion method. Macdonald et al. ͑1988͒ assessed the corrosive condition of the steel member in the RC structure by AC impedance spectroscopy. Law et al. ͑1995͒ assessed the bearing capacity and the strength of a T-beam-slab bridge deck according to the performance response of the static and dynamic tests. Despite their contributions, most of the above techniques can only locally detect the existing RC structures and cannot assess the rigidity reduction of the whole damage structure. In addition, mathematical analysis models are limited to such factors as demand for the actual material properties and original designed criteria; however, obtaining such data is nearly impossible ͑Chung 1994͒. Therefore, a feasible and efficient model must be developed to diagnose the RC structure.
Along with advanced computer technologies, artificial neural network ͑ANN͒ has become increasingly common in diverse fields such as diagnosing, forecasting, extracting, identification, and control. Owing to the inherent properties of parallel computation ability, memory capacity, and learning function, backpropagation network ͑BPN͒ is among the most efficient tools in engineering applications ͑Hsu et al. 1993͒. The principal functions of BPN, which should be linked between physical properties of RC structures and the dynamic phenomena, are composed of extremely complex mapping relationships. This study focuses mainly on developing a damage assessment methodology based on a BPN and then applying it to a simply supported RC beam 4 m in span and with a rectangular cross section. Training and testing numerical examples are generated by variously assumed damage conditions and displacement time histories of the defected beams due to impact loading acting at the center of the beam. The assumed damage condition includes the damage of steel and con- crete members, as simulated by the reduction of rigidity and sectional area of the members. In addition, the displacement time history of the defected beams for each numerical example is analyzed by a structural analysis package. Ten sets of test beams with the assumed damage and the same sectional area of numerical examples are also constructed in full scale. Moreover, the 10 sets of test beams are used to diagnose the damage scenario separately by the well-trained neural network ͑NN͒ according to the displacement time history, which is the history of responses caused by the impact loading acting at beam center. From the test results, the damage scenarios of the 10 sets of test beams are successfully classified. Herein, a feasible and efficient damage diagnostic methodology is established for the RC structures. The proposed model has highly desired features, as evidenced from the test beams. With the well-trained NN for each of the clearly specified structures, it is believed that the methodology can be properly extended and applied to general existing RC structures.
Damage Diagnosing of the Structure
Conventional methods for diagnosing the damage incurred in a structure include NDT, sampling tests at the site, and the mathematical analysis model. In general, the availability of NDT and a sampling test at the site is limited to the budget constraints and an employer's professional skills. These methods also have trouble detecting damage if the structure is large and very complex, such structures as high-rise buildings, nuclear power plants, and longspan bridges. The mathematical analysis model is generally applied to solve the inverse problem, which is related to responses ͑dynamic responses such as history of displacement or acceleration, the varying rate of natural frequency or vibration mode or damping ratio, static responses such as slope and deflection͒ and corresponds to the severity of the damaged structure that is activated by dynamic or static loading. However, owing to the complicated nature of the mechanism involving the severity of how damage influences structural stiffness, a sufficiently original design criteria, estimation for severity of damage, and actual material properties must also be incorporated in the mathematical analysis model. But obtaining the accurate data described above is relatively difficult. Furthermore, employing a mathematical analysis model to diagnose the damaged structure is also an extremely difficult task.
In general, the severity of structural damage incurred is defined by reduced material properties ͑e.g., elastic modules͒ or the sectional area ͑e.g., moment of inertia͒ of structural members. System identification techniques can be applied to establish the relationship models between changes of material properties and responses. Therefore, system identification techniques can also be applied to diagnose the damaged structure. Responses data for system identification techniques to diagnose the damaged structure are either analyzed by a finite-element analysis program or provided by in-site ͑or laboratory͒ testing under simulated static or dynamic loading. While requiring only some simple equipment to simulate the static loading, static testing is rapid, economic, easily classified, and multipurpose ͑structural materials such as wood, concrete, steel, and aluminum can be diagnosed͒; the structure in a nonlinear state can also be diagnosed ͑Sanayei and Onipede 1991͒. Investigators Sanayei and Scampoli ͑1986͒, Clark ͑1989͒, Hajela and Soeiro ͑1990͒, Onipede ͑1991͒, and others have thoroughly reviewed works in this field. For simulated dynamic loading, the data log of a dynamic response is measured and analyzed to diagnose the damaged structure; this is the conventional means of diagnosing structural damage. Although both mechanical and aeronautical engineering applied this approach earlier on, the approach has been applied to civil engineering in recent years. In practice, a precise analysis can be made of the dynamic responses for the vibration features of the structure and the changes of sectional characteristics of the members ͑Yao et al. 1992͒. However, this approach has some constraints, one being that it must have sufficient and accurate data-e.g., mass, stiffness, and damping ratio of structures-thereby making simulated static loading more complicated ͑Sanayei and Onipede 1991͒. Related works include Hajela and Soeiro ͑1990͒, Yao et al. ͑1992͒, Cawley and Adams ͑1979͒, Hart and Yao ͑1977͒, Baruch ͑1982͒, Berman ͑1984͒, Kabe ͑1984͒, Adelman and Haftka ͑1986͒, Beck ͑1987͒, and Chen and Garba ͑1987͒.
A diagnosis model for structural damage must assess the severity and location of defects according to the variational structural responses. Notably, system identification techniques apply conventional mathematical theory to establish the damage structural diagnosis model. In case of inaccurate or insufficient responses data ͑either static or dynamic͒, system identification techniques should not be applied to solve this problem. However, because of its optimal pattern classification, self-organization, and data acquisition ability, ANN is a highly effective means of resolving this problem. ANN is allowed to process the inverse problem. In addition, ANN does not need to set up the complicated mathematical analysis model. In addition, the inverse problem is easily solved, particularly in lieu of inaccurate or insufficient responses data. Therefore, ANN has been extensively applied in recent years to study the diagnosed model of the damaged structure. For instance, Wu et al. ͑1992͒ used BPN to detect the damage of a three-story frame. Elkordy et al. ͑1993͒ applied BPN to model damage states of a five-story steel frame. Pandey and Barai ͑1994͒ used multilayer perception architecture to diagnose the damage of a typical bridge truss structure. Szewczyk and Hajela ͑1994͒ detected the damage incurred in structures by using an improved counterpropagation neural network ͑CPN͒. Barai and Pandey ͑1995͒ adopted the vibration signature and ANN to diagnose the damage of a steel truss bridge. Tsai and Hsu used BPN and the reduction rate of natural frequencies to diagnose the damage of the RC structure ͑1997͒.
Many factors influence the rigidity of the RC structure; notably, the compound-material behavior of the structure. Therefore, regardless of whether the difference severity and location of defects results in corresponding responses or whether the difference responses are attributed to the corresponding severity and location of defects, the analyzed mechanism of this problem is more complicated than the problem incurred by its unique material behavior. This approach attempts to establish the diagnosis method of damaged RC structure by applying the prediction and classification technique from ANN. The well-trained network possesses the relationship model between the difference severity and location of defects and corresponding responses ͑i.e., displacement time history͒; then the damage scenario of each test RC beam can be classified according to its responses by using the well-trained NN. Furthermore, because of the displacement time history at a certain point on the real structure, it is easy to measure when the structure is excited by any external dynamic loading, in general. Therefore, the diagnosis methodology proposed herein can also be conveniently applied to diagnose the other existing damaged RC structures. It is emphasized that the corresponding well-trained NN should be established before it is applied to the other structure.
Back-propagation Neural Network
ANN can act, while considering human input, to imitate the model of processing information for a biological neural network. It is a computational system containing software and hardware. ANN is composed of several processing elements ͑PE, or neurals or nodes͒ that are interconnected with each other. The network structure consists of an input layer, an output layer, and a hidden layer ͑or many of them͒. A so-called weight is a connected strength between the PE within the upper layer and the lower layer. The PE is provided with a constant ͑threshold͒ and a transfer function. Restated, PE can summarize the product from upperlayer PE's output with corresponding weight. In addition to the threshold, the summation is transformed by the transfer function. The value transformed by the transfer function is the input value for the next layer, or else the output value for the output layer. ANN learns the memory rules and gathers rules from the training examples cyclically. It then repeatedly revises the weight and threshold until the difference between the output value from the output layer and target value is less than the defaults. The network, which was trained numerous times, obtains the recognition knowledge that was presented by the final weighted matrix and threshold vector. When applied to a new problem, the deductive values of the network can be obtained by transforming the welltrained weighted and threshold vectors with the input vectors of the new problems.
The network learning model can be divided into two major categories, according to the property of problem-i.e., supervised learning and unsupervised learning. The training examples simultaneously require an input vector and an output vector for supervised learning. After many learning cycles, a network can obtain the mapping relationships between the input vector and output vector. However, the training examples require only an input vector for unsupervised learning. Network learning gathers rules from the illustrative examples and then applies it to new problems. Supervised learning BPN is used herein. A cause-and-effect relationship for the concerned problems is obtained from the network linked by a substantial amount of PE. BPN is applied to civil engineering to directly resolve design, prediction, and diagnosing problems. For instance, Ghaboussi et al. ͑1991͒ used BPN to simulate the material behavior. Garrett ͑1992͒ provided the area to which ANN can be applied. In a related work, Chen and Shan ͑1992͒ adopted BPN to dynamically analyze a bridge structure. Yeh et al. ͑1993͒ used BPN to diagnose the damage of a PC pile. However, as mentioned earlier, the conventional application is toward diagnosing a problem.
A typical three-layered BPN is generated with N-input unit, H-hidden unit, and M-output unit, as illustrated in Fig. 1 . The transfer functions in between the layers are selected functions, including sigmoid function. The threshold and weighting factors profoundly influence the network's efficiency, from which the relationship between the input and output unit is determined. The weighting factors and the threshold are sequentially modified by the generalized delta learning rule through the network's training process. Meanwhile, the learning rate and momentum are allowed to make minor adjustments to avert the error dropping in the local minimum; otherwise, oscillation would occur. The network training attempts to decrease the error of the output responses vector more than that of the target vector of the training examples cyclically. The network is said to be well trained until the error comes to a minimum value or predicted, allowable limit. Rumelhart et al. ͑1986͒ provides further details regarding the training algorithm of BPN and the generalized delta learning rule.
Damage-Diagnosing Model and Numerical Examples
The RC structure easily incurs a variety of damages due to improper construction and maintenance, and fatigue to the material throughout its lifetime. Moreover, RC structures belong to the compound-material behavior if the mathematical analysis model is applied ͑as mentioned earlier͒ to diagnose the damage of the RC structures; it is more difficult to diagnose than the unique material. In contrast, damage diagnosis is easier if ANN is used to substitute the mathematical analysis model. Therefore, this study applies the technique that is conventionally applied to predict and classify the ANN. The trained network learns the mapping relationship between the structural responses and severity damage through the cyclic training. The learning knowledge is stored in the network's knowledge interface and is then applied to new problems. The diagnosing model is a flexible and efficient means of diagnosing the damage incurred in the RC structures.
Fabrication Process of Diagnosing Model
In this study, damage diagnosis is performed on a 4 m span, simply supported RC beam having a rectangular cross section. The process consists of the following steps: 1. Define the damage states for the RC structures. Three damage conditions for concrete are defined according to the reduction in material strength at 25, 50, and 75%, respectively. Meanwhile, only one damage condition is defined for steel members with a 30% decrease in the cross-sectional area of steel members. 2. Divide the simply supported RC beam into eight regions as the diagnostic location of the defined damages classified in the previous item. Fig. 2 provides more details on elevation section and the divided regions of the RC beam structure. 3. Randomly generate damage conditions for the various damage locations and damage levels. These conditions are generated in three main categories: 60 cases of damage occurred only in concrete, 60 cases of damage occurred only in steel, and 80 cases of damage incurred in both steel and concrete. 4. Design the external impact loading. Impact loading is presented in Fig. 3 , and is designed excitation by acting at the center of the simply supported RC beam. The function of the impact loading f (t) is formulated as described in the following: f͑t͒ϭ84400t,0рtр0.005 sec ͑1͒ f͑t͒ϭ0,0.005рt 5. Analyze all of the 200 cases generated in the 3rd step by a finite-element analysis package, i.e., Micro SAP finite element program ͑Hsu and Ju 1988͒, to determine the displacement time history of three DOFs, separately. This is due to the designed impact loading, described in last step, acting at beams center. Location and direction for the three DOFs are shown in Fig. 2 . The time interval of displacement time history that corresponds to the certain displacement will be the input characteristic of the BPN, 0.0034 s. 6. Train the NN with the training examples and iteratively check those results. Weighting factors and threshold values are sequentially modified to obtain the well-trained networks. Furthermore, various training processes are investigated to increase the convergence efficiency and minimize the learning errors. In this study, the learning error is presented as error rate ͑ER͒ and root mean square ͑RMS͒. ER and RMS are formulated as described in Eqs. ͑2͒ and ͑3͒, respectively:
where N e ϭtotal number of error classifications, and N t ϭtotal number of testing examples.
where T K ϭtarget vector of testing examples; Y K ϭoutput vector of testing examples; and Oϭnumber of output units.
Identification Process
Two phases of diagnostic step are used for the network application to identify the damage of the relevant structures. Initially, in the so-called category identification, the NN is used to identify which category ͑damage that occurred in steel member, in concrete only, or in both steel and concrete͒ the damage belongs to. The NN is then used to thoroughly identify the damage matching condition. Single and double hidden layers are both used in the NNs in this study ͑as determined on a trial basis͒. Fig. 4 depicts the double hidden-layer network structures only. Each network used herein is a sigmoid transfer function, random value in Ϫ1ϳ1 for original weight factor and threshold value. Table 1 lists some of the properties and parameters used in the networks.
Numerical Examples
Herein, we perform damage diagnosis of a 4 m span simply supported RC beam structure with a rectangular cross section, as illustrated in Fig. 2 
Applicability of Diagnosis Model to Real RC Structure
This study also attempts to understand the sensitivity of the ANN diagnostic model described earlier when used to assess the damage in real RC structures. Ten sets of test RC beams are constructed in full scale. The test beams have the same specified size as the numerical examples, but different scenarios of damages. Details of damage diagnosis for test beams are described as follows.
Damage Simulation
This study applies this approach in the dynamic diagnosis of real RC structures by constructing 10 sets of test RC beams in full scale. One of the test beams is undamaged ͑the B2 test beam͒, the others are damaged, and all are classified into three categories ͑i.e., damage occurred only in concrete including an a61ϳa63 test beam, damage occurred only in steel including a b61ϳb63 test beam, and damage occurred in both concrete and steel including a c81ϳc83 test beam͒. Notably, each category has three sets of test beams. The designed compressive strength of concrete f 'c is 210 kg/cm 2 in the undamaged case and 158, 105, 53 kg/cm 2 in the damaged case, respectively. But, the real compressive strength of concrete f 'c in the undamaged case is 265 kg/cm 2 , and in the damaged case 118, 91, 88 kg/cm 2 , respectively. The reinforcing bar number in the undamaged case is No. 6 ͑diameter is 19.1 mm͒ and, in the damaged case, is No. 5 ͑diameter is 15.9 mm͒.
Test Setup
The picture in Fig. 5 reveals that the B2 test beam is under testing for structural diagnosis. Fig. 6 schematically depicts the measurement setup. The actuator, a device output for the designed impact loading, is mounted on the working table. The working table is made of steel and is tightly connected with a rigid wall by four pieces of steel bolt; it stands vertically on the floor. The energy source of excitation force of the actuator comes from the material testing system ͑MTS͒ that consists of a high compressive server, actuator, numerical controller, controlled program, and PC. The maximum capacity of output force of a high compressive server is 20 tons, maximum displacement is 20 cm, and highest frequency is 20 Hz. During the test, the parameter in the control program is set first, and control type is selected either by force or by displacement. Then, loading type, magnitude, and frequency are selected, and thus the server can start to operate. In this study, the loading type is set as half triangular, in which the frequency is 20 Hz.
Instrumentation
The center of the test simple-supported RC beam is at the bottom of the forced point of the actuator. The hinge is located on the left side, with the roller on the right side of the working table. From the elevation, the test beam crosses the working table, and the loading cell is installed on the connection that connects the actuator and its forced point. Three LVDTs are installed adjacent to the bottom of the test beam, in which the distance from each LVDT to hinge is 1, 2, and 3 m, respectively. Then, the structural response ͑i.e., displacement time history͒ of each DOF can be measured and received by data log after the server has started.
Test Results
A typical displacement time history of three DOFs is measured from the B2 and a61 test beam, as shown in Fig. 7 . In this figure, the fine line is the real structure response and dashed line is the structural response from numerical analysis results, which uses the real impact loading output from the server and simulates action at the test beam. This is because the server used in the laboratory can only be stably controlled by displacement, not force. However, the damage diagnosis model in this study is based on the displacement time history. Therefore, the structural response that is used as the input characteristic for the ANN must have the same base ͑i.e., adopting the equal impact loading acting at the test beams͒. Then, the crude line in Fig. 7 is observed as the actual structural response caused by the designed impact loading acting at the beam center. The approach used herein uses the crude line from each test beam for damage diagnosis. The time interval is 0.0034 s, which corresponds to the several certain displacements used as the input characteristics for the ANN. The damage-diagnosing results of 10 sets of test beams completed by each classifier, as mentioned above, will be described in the following. 1. First classifier ͑to identify which category the damage belongs to͒. Network I: The test beams a61, a62, a63, b61, b62, b63, c81, c82, c83 and B2 are diagnosed, for their respective damage categories. Fig. 8 summarizes the diagnostic results. The with the real state except the concrete in b2 and the steel in b63. Then, the ER from the output of network for 10 sets of test beams is 10%. 2. Second classifier ͑detailed identification of damage matching͒. Network II-1 ͑damage that occurred only in the concrete region͒: Test beams a61, a62, and a63 are diagnosed, in which detailed identification of damage matching occurs only in concrete by Network II-1. Fig. 9 summarizes the diagnostic results of 45, 32.7, 57.42, 67.11, 7.84, 53.2, 6 .28, and 40.37% for each region, respectively. Network II-2 ͑damage that occurred only in steel member͒: Test beams b61, b62, and b63 are diagnosed for detailed identification of damage matching occurring only in steel. Fig. 10 summarizes the diagnostic results of the damage identification for this category. For instance, the target output of the region 1 to 8 of the b61 test beam is indicated by the circle data point linked by a solid line while the NN output is indicated by circle data points linked by a dotted line. The diagnostic results of the NN are the reduction in the steel sectional area at 5. 79, 2.31, 13.84, 23.66, 28.6, 40.95, 14.5, and 11 .38% for each region, respectively. Network II-3 ͑damage incurred in both concrete and steel members͒: Test beams c81, c82, and c83 were diagnosed for detailed identification of damage matching occurring in both concrete and steel. Fig. 11 summarizes the diagnostic results of the damage identification for this category. For instance, the c81 test beam, in which the concrete's target output of the region 1 to 8 is indicated by a panel data point that is linked by real line, and steel's target output of the region 1 to 8, is indicated by a circle data point that is linked by a real line. The concrete's network output is indicated by a panel data point that is linked by a dotted line, while the steel's network output is indicated by a circle data point that is linked by a dotted line. The definition of identification results of the network is the same as described above.
Conclusion
This study proposed a state-of-the-art methodology as a novel diagnostic method to conveniently diagnose the damage incurred in existing RC structures by using ANN technique based on the displacement time history. The learning procedure for the network confirms that the convergence capability is acceptable. Test results indicate that the proposed technique can efficiently diagnose the existing RC structural damage. In most numerical testing examples, the RMS does not exceed 0.16. On the other hand, for each of the 10 sets of the test beam, the RMS is nearly round, at 0.20. All the test results are barely satisfactory.
The study also objectively assesses the output damage scenario of each test beam, indicating that it is much closer to the real situation. Importantly, a comparison should be made of the damage diagnosis results of several types of structural responsesuch as the acceleration time history, natural frequencies, and static displacement-which are the input characteristics of the NN used in this damage diagnostic model. Doing so would lead toward the feasibility of applying the proposed technique for practical applications. Further research should investigate how to most objectively assess what can combine the damage diagnosis results of several types of structural response and minimize the discrepancy between the damage diagnosis results from this approach with the real situation of the test RC beam.
